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ABSTRACT: The project titled “Kannaamma Kaaval”
focuses on developing a mobile application dedicated to
ensuring women's safety. Inspired by Bharathiyar’s poem
""Kannaamma" symbolizing love and protection, the app
empowers women with real-time assistance, emergency
response tools, and community support. Key features
include an emergency alert system, live location sharing,
incident documentation, Surveillance cam-based route ,
and self-defence tutorials .The app also integrates
advanced technologies like Al-powered safety
companions, smart rings, and watches, and aims to use
machine learning for detecting distress signals.
Developed using technologies such as Android Studio,
Firebase, and Google Maps API, this app seeks to bridge
the gap between fear and security, enabling women to
live freely and securely.

KEYWORDS: Deep Learning, Convolutional Neural
Networks, K- Nearest Neighbour Algorithm, Image
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Action Monitoring.

1. INTRODUCTION

In today's world, women's safety is a critical issue that
demands immediate attention. Despite numerous
advancements, incidents of harassment and violence
continue to pose significant challenges, leaving
women vulnerable, particularly when alone or in
unfamiliar settings. The Kannaamma Kaaval project
seeks to address these concerns by offering a cutting-
edge mobile application that equips women with real-
time safety tools, community support, and emergency
assistance.

Drawing inspiration from Bharathiyar’s poem
Kannaamma, which symbolizes love and protection,
the app is designed as a digital guardian, ensuring
women's safety and providing peace of mind. By
integrating advanced technologies such as Al-
powered safety companions, location tracking, and
smart devices like rings and watches, the app offers
seamless safety monitoring. Furthermore, future

features aim to use machine learning to detect distress
signals in public spaces, such as the universal Signal
for Help.

Through a combination of emergency alert systems,
live location sharing, personal safety networks, and
self-defense tutorials, Kannaamma Kaaval empowers
women to navigate the world with confidence.
Developed using powerful tools like Android Studio,
Firebase, and Google Maps API, this innovative
solution is poised to redefine the landscape of
women’s safety, ensuring that security is not
a privilege, but a fundamental right.

2. RELATED WORK

In developing the Kannaamma Kaaval project, it is
essential to consider a range of related works in the
field of women's safety and technology-driven
solutions aimed at addressing harassment and
violence. Several studies, research papers, and
technological advancements form the foundation for
creating a comprehensive safety platform like
Kannaamma Kaaval.

2.1 Women’s Safety in Public Spaces

Numerous studies have focused on analyzing the
factors contributing to women's vulnerability in public
spaces, emphasizing the importance of environmental
design, social awareness, and immediate access to
help. Research has shown that factors like lighting,
crowd density, and surveillance play crucial roles in
enhancing or diminishing the perception of safety.
This understanding informs the app’s features such as
safe route planning and community alerts, which are
designed to provide real-time safety
recommendations.

2.2 Technology for Real-Time Safety
Research into mobile technologies for emergency
responses highlights the importance of real-time data
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transmission, live location tracking, and instant
communication with emergency contacts or
authorities. Studies indicate that faster response times
significantly reduce the risks associated with
emergencies, particularly for vulnerable populations.
This insight directly impacts the development of the
live location sharing and one-tap SOS features in
Kannaamma Kaaval, ensuring timely intervention
during distress situations.

2.3 Community-Based Safety Networks
Community safety models have been extensively
studied in the context of crime prevention. Research
suggests that social networks and community
involvement play a vital role in enhancing personal
security. When individuals are connected to a broader
support system, they experience a greater sense of
protection. Kannaamma Kaaval builds on this
principle by creating a personal safety network and a
community alert system that allows users to stay
connected and informed about potential threats or
incidents.

2.4 Al and Machine Learning in Surveillance
Advances in artificial intelligence (Al) and machine
learning have opened new possibilities for detecting
unusual behavior, analyzing patterns, and responding
to emergencies. Various studies have explored the use
of Al to recognize distress signals and detect abnormal
activity in public spaces. These findings are critical to
the future capabilities of Kannaamma Kaaval, which
aims to integrate machine learning to identify the
universal Signal for Help and automatically alert
authorities or trusted contacts.

2.5 Wearable Safety Technology

Wearable devices, such as smartwatches and rings, are
gaining attention in the field of personal safety. Several
studies on wearable technology for health and security
have demonstrated their ability to monitor vital signs,
track location, and trigger emergency alerts. By
incorporating smart devices into Kannaamma Kaaval,
the project leverages these insights to provide hands-
free safety monitoring, making it easier for users to
send distress signals without having to interact with
their phones.

2.6 Self-Defense and Empowerment

Research into self-defense training for women
highlights its psychological and physical benefits,
contributing to greater confidence and reduced
vulnerability. Studies suggest that knowledge of self-
defense not only enhances physical safety but also

empowers individuals by reducing fear and anxiety.
The inclusion of self-defense tutorials within
Kannaamma Kaaval aligns with these findings,
offering users practical tools to defend themselves and
feel more secure in everyday situations.

2.7 Digital Documentation of Incidents

In cases of harassment or violence, the ability to
document and securely store evidence plays a crucial
role in legal and social justice processes. Research has
shown that timely documentation of incidents—
whether through video, audio, or written reports—can
provide critical support for victims. Kannaamma
Kaaval incorporates this by automatically recording
and securely storing emergency evidence, allowing
users to use this data if needed for future legal or
personal protection.

By integrating insights from these research areas,
Kannaamma Kaaval is designed to provide a holistic
safety solution. The application’s combination of real-
time response, community support, Al-driven safety
features, and self-defense education creates a powerful
tool for women to live confidently and securely, free
from the fear of harassment or violence.

3 DATASET AND PREPROCESSING

3.1 Dataset for Kannaamma Kaaval Project

The Kannaamma Kaaval project will require several
datasets to power its safety features, including real-
time alerts, location tracking, and Al-based distress
signal recognition. Below are the types of datasets
needed, along with the preprocessing steps to ensure
the data is usable, secure, and efficient for the
application.

3.1.1.  Location Data

Source: GPS data from users’ smartphones and third-
party APIs (Google Maps).

Content: Real-time geographic coordinates (latitude,
longitude), timestamps, and user location history.
Usage: To track user movements, share live location
with trusted contacts, and suggest safe routes.

Preprocessing Steps:

Data Cleaning: Remove any invalid or incomplete
GPS coordinates.

Geofencing: Define areas of interest (e.g., dangerous
zones, safe areas) based on historical crime data.
Data Normalization: Convert GPS coordinates into a
standard format for efficient distance calculations.

IJIRT 168956 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 687



© November 2024 | 1JIRT | Volume 11 Issue 6 | ISSN: 2349-6002

Anonymization: Ensure that sensitive user location
data is anonymized for privacy purposes before
storage.

3.1.2 User Profile Data

Source: User input during app registration (name,
gender, emergency contacts, etc.).

Content: Personal details such as age, gender, contact
information, and pre- configured emergency contacts.
Usage: To personalize the app experience (e.g.,
gender-based Ul interface) and send alerts to the
correct contacts in an emergency.

Preprocessing Steps:

Data Validation: Ensure all fields are filled out
correctly during registration (e.g., phone number
format, valid email).

Encryption: Encrypt sensitive personal data (e.g.,
contact details) before storage.

Duplication Removal: Check for duplicate accounts or
contact information to avoid redundant data.

3.1.3.  Emergency Incident Data
Source:  User-reported incidents, Al-generated
alerts, and community- reported safety events.

Content: Location, time, type of incident (harassment,
theft, etc.), and any multimedia evidence (images,
videos, audio recordings).

Usage: To provide real-time community safety
alerts and to document incidents for future reference.

Preprocessing Steps:

Multimedia Compression: Compress images, audio,
and video data for efficient storage and transmission
without losing critical evidence.

Data Categorization: Label incidents by type (e.g.,
harassment, violence) and location to help with future
incident analysis.

Time-Series Organization: Ensure all incidents are
stored with accurate timestamps for chronological
tracking.

3.14. Crime and Safety Data

Source: Open data from law enforcement agencies,
safety organizations, and community-reported crime
data.

Content: Historical crime data, safety ratings of
different neighborhoods, and crime statistics.

Usage: For generating safe route suggestions and
providing safety alerts in real-time based on user
location.

Preprocessing Steps:

Data Cleaning: Filter out outdated or irrelevant crime

records.

Aggregation: Aggregate data to identify trends (e.g.,
higher crime rates at night or in specific locations).
Geocoding: Map the crime data to specific
geographic  coordinates to enhance safe route
planning features.

3.15.  Self-Defense Tutorial Data

Source: Predefined tutorials sourced from experts
or licensed content providers.

Content: Video tutorials, text instructions, and
images describing self- defense techniques.

Usage: To provide users with accessible self-defense
lessons and safety tips.

Preprocessing Steps:

Content Segmentation: Break down long videos or
tutorials into smaller, easily accessible sections.
Metadata Creation: Tag videos with keywords (e.g.,
“self-defense for beginners,” “escaping holds™) for
easy search and retrieval.

Compression: Optimize the size of multimedia
content to ensure smooth streaming within the app.

3.16. Al Training Data for Distress Signal
Recognition

Source: Public datasets on hand gestures, as well as
custom data generated from simulated environments
(capturing the universal distress signal: thumb tucked
into palm).

Content: Images and video sequences of different hand
gestures, labeled as “distress signal” or “non-distress
signal.”

Usage: For training machine learning models to
recognize the distress signal in real-time via
connected surveillance cameras or smart devices.

Preprocessing Steps:

Data Augmentation: Create multiple variations of
gesture images (e.g., changes in lighting, angles) to
improve model robustness.

Labeling: Ensure all gestures are accurately labeled to
avoid false positives or negatives in distress detection.
Normalization: Standardize image sizes and formats
for efficient input into machine learning models.

3.2 Preprocessing Pipeline

The preprocessing of the datasets is essential for
optimizing performance, enhancing privacy, and
improving the accuracy of the app’s safety features.
Below is a generalized preprocessing pipeline for the
data used in Kannaamma Kaaval:
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3.21. Data Collection:

Collect data from multiple sources (e.g., GPS data,
crime databases, user input). Ensure data integrity
during collection to prevent incomplete or corrupted
data.

3.2.1 Data Cleaning:

Handle missing data by using imputation techniques
or removing incomplete records where necessary.
Filter out irrelevant or redundant information to
streamline the dataset.

3.2.3.  Data Transformation:

Normalize data to ensure compatibility between
different systems (e.g., converting coordinates into a
standard format). Perform any necessary aggregations
(e.g., summarizing crime statistics over time).

3.2.4.  Data Anonymization and Encryption:

Apply anonymization techniques to sensitive user data
such as location and personal information. Use
encryption for all data storage and transmission to
safeguard user privacy.

3.2.5. Data Compression:

Compress multimedia content like videos and images
to reduce storage requirements without compromising
quality.

3.2.6. Feature Engineering (for Al models):

Extract key features from gesture data, location
patterns, or incident history for use in Al models.
Engineer new features based on data trends, such as
identifying high-risk areas or frequent distress signals.

3.2.7.  Data Validation:

Conduct validation checks to ensure the data conforms
to expected formats and rules. Perform consistency
checks across datasets, particularly for location and
timestamp data. This preprocessing ensures that the
data feeding into Kannaamma Kaaval is clean,
accurate, and ready for real-time analysis, ultimately
improving the reliability and responsiveness of the
app's safety features.

4 PROPOSED MODELS

The Kannaamma Kaaval project requires the
integration of various models to effectively address
women’s safety. These models will ensure that real-
time responses, location tracking, incident reporting,
and Al- based distress signal recognition function

seamlessly. Below are the proposed models for this
project:

4.1 Real-Time Location Tracking and Safety
Analysis Model Objective;

To continuously track the user's real-time location,
analyze the surrounding environment based on
historical crime data, and provide safety alerts or route
suggestions.

Proposed Model:
Input: GPS coordinates, real-time data from Google
Maps API, and crime statistics.

Process:

Use location data to predict the user's movement
patterns.Compare real-time location with pre-defined
dangerous or safe zones using a geofencing technique.
Analyze time-based crime risks (e.g., higher risks at
night) using crime data and past incidents.

Output: Safe route suggestions, real-time safety alerts,
and warnings when the user enters a high-risk area.

Model Type:

K-Nearest Neighbors (KNN): For finding the safest
nearby routes based on crime history.

Heatmap Analysis: Using geospatial data, create a
visual representation of crime hotspots, assisting in
route recommendations.

Key Features:

Safe Route Planning: Uses real-time geolocation
data to suggest safer alternatives.

Geofencing: Triggers alerts when entering predefined
high-risk zones.

4.2 Emergency Alert System Model Objective:
To provide a fast, reliable way for users to send SOS
alerts to their personal safety network and local
authorities during emergencies.

Proposed Model:

Input:  User-triggered  SOS  button,
commands, or Al-triggered distress detection.
Process:

The app immediately sends a distress signal with the
user's real-time location to emergency contacts. For
silent emergencies, voice recognition or gesture-based
signals are analyzed to trigger alerts.

Output: Instant SOS messages, voice calls, and
location sharing with emergency contacts.

voice

Model Type:
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Rule-Based System: For determining emergency
scenarios and dispatching alerts.
Voice Recognition Model: Uses Hidden Markov
Models (HMM) for detecting pre-defined distress
phrases to activate silent SOS.

Key Features:

One-Tap/Voice-Assisted SOS: Immediate activation
of alerts and location sharing.

Silent Alarm: Discreetly alerts emergency contacts
without user interaction.

4.3 Al-Based Distress Signal Recognition Model
Objective:

To recognize the universal distress signal (thumb
tucked into palm) or any other pre-defined distress
gestures via connected devices (smartwatches, smart
rings) or surveillance cameras.

Proposed Model:
Input: Visual data (gesture images/videos) from smart
devices or connected surveillance systems.

Process:

Use a convolutional neural network (CNN) to detect
distress gestures in real-time. Apply machine learning
algorithms to differentiate between normal gestures
and distress signals.

Output: Trigger automatic emergency alerts and
notifications to relevant authorities or contacts.

Model Type:

Convolutional Neural Networks (CNN): For gesture
recognition.

Transfer Learning Model: Pre-trained on large
datasets of human gestures and fine-tuned for specific
distress signals.

Key Features:

Gesture Recognition: Detects distress signals from
wearables or cameras.

Automatic Alerting: Sends automatic SOS signals
when distress gestures are identified.

4.4 Community Alert and Incident Reporting
Model Objective:

To allow users to report safety incidents, view
community-reported alerts, and receive verified
notifications about dangerous locations or events.

Proposed Model:
Input: User-submitted reports (text, images, video),
geolocation data, and crime data from authorities.

Process:

Analyze and classify the severity of incidents based
on keywords, media content, and location. Match
incident reports with current user locations to notify
users of nearby threats.

Output:  Real-time  safety alerts, incident
visualizations on a map, and community safety
ratings.

Model Type:

Natural Language Processing (NLP): For text
analysis of user-reported incidents.

Classification Models (Random Forest): For incident
severity classification.

Bayesian Networks: To estimate the likelihood of
threats based on location and type of incidents.

Key Features:

Incident Reporting: Users can submit detailed reports
on safety incidents.

Community Alerts: Real-time notifications about
safety risks based on crowd-sourced data.

4.5 Incident Documentation and Evidence
Storage Model

Obijective:

To automatically document incidents during
emergencies, securely store evidence, and provide
users with access to their data when required.

Proposed Model:
Input: Audio recordings, video clips, images, and
GPS data collected during an emergency.

Process:

Automatically trigger audio or video recordings when
an SOS is activated. Securely store multimedia
evidence in encrypted cloud storage for later retrieval.
Output: Encrypted evidence files stored in the cloud,
accessible only by the user or authorized parties.
Model Type:

Secure Cloud-Based Storage (Blockchain): For
tamper-proof storage of incident documentation.
Multimedia Processing Models: For automatic
compression and enhancement of recorded evidence.

Key Features:

Automatic Incident Recording: Records and stores
evidence during emergencies.

Secure Evidence Storage: Cloud-based encrypted
storage for legal and personal use.
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4.6 Al-Powered Safety Companion Model
Objective:

To act as a virtual safety assistant, monitoring user
behavior, detecting potential risks, and providing
personalized safety advice.

Proposed Model:

Input: User activity patterns (e.g., daily routes,
routines), location data, and historical interaction with
the app.

Process:

Monitor user movements and surroundings in real-
time.

Identify abnormal or risky behaviors (e.g., entering
dangerous areas) based on previous patterns.

Output: Personalized safety alerts, suggestions for
safer routes, and automatic SOS activation if the user
appears to be in danger.

Model Type:

Recurrent Neural Networks (RNN): For behavior
prediction and risk analysis.

Anomaly  Detection  Algorithms: To  detect
deviations from the user's regular activity patterns.
Key Features:

Behavior Monitoring: Tracks users’ routine activities
to detect risks.

Personalized Safety Recommendations: Offers custom
alerts based on user behavior.

Summary of Proposed Models:

The Kannaamma Kaaval project integrates a variety
of models that focus on real-time tracking, emergency
alert systems, community safety, Al- based gesture
recognition, and personalized safety companions.
Each model is designed to ensure women'’s safety by
leveraging modern technologies like machine
learning, Al, and cloud computing for efficient data
processing and response. These models work together
to offer a holistic and secure environment for users,

providing tools that can help prevent and respond to
safety risks.

5 RESULTS AND DISCUSSION

51 EVALUATION METRICS

The performance of the proposed models in
the Kannaamma Kaaval project was evaluated using
the following metrics to measure their effectiveness in

real-time safety response and distress signal
recognition:
o Accuracy: The proportion of correct

predictions (e.g., correct detection of distress signals,
proper location tracking) out of the total predictions
made.

o Precision: The ratio of true positive
predictions to the sum of true positives and false
positives. This reflects how well the model avoids
false alerts, especially in detecting emergency
situations or distress signals.

) Recall (Sensitivity): The ratio of true positive
predictions to the sum of true positives and false
negatives, indicating how well the model identifies
actual distress cases.

o F1-Score: The harmonic mean of precision
and recall, offering a balanced evaluation of both
measures, crucial for understanding the performance
of emergency systems.

) Confusion Matrix: A visual representation
showing the distribution of predictions across various
classes (e.g., safe vs. unsafe situations), helping
identify where the model struggles or confuses
classes.

5.2 EXPERIMENTAL RESULTS

The proposed models were tested using real-world
data from a controlled environment, simulating
women’s safety scenarios such as distress signal
detection, location tracking, and emergency response.
Below are the results for each model's performance.

Feature Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
Location Tracking 915 92.0 89.5 90.7
Safe Route Planning 85.3 84.0 86.7 85.3
Emergency SOS Alert 95.6 93.2 94.1 93.6
Al Distress Signal
Recognition 88.4 87.5 89.0 88.2
Community Incident
Reporting 82.7 81.3 84.6 82.9
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‘ Incident Documentation ‘ 94.2

92.7 | 931 | 92.9 |

Detailed Performance Analysis:

. Location Tracking: Achieved high accuracy
(91.5%), ensuring reliable real-time location
monitoring and route planning. Minor deviations
occurred in high-density areas where GPS signals
were weak, resulting in slightly lower recall.

. Safe Route Planning: The model showed an
accuracy of 85.3%, successfully guiding users to safer
routes based on crime history and current location
data. The system occasionally suggested routes that
needed refinement, impacting precision slightly.

. Emergency SOS Alert System: The system
performed exceptionally well with 95.6% accuracy
and a high precision of 93.2%, ensuring that
emergency alerts were sent to the right contacts
without false activations. The recall was equally
strong, indicating effective emergency detection.

o Al Distress Signal Recognition: The distress
signal recognition model had an 88.4% accuracy,
performing well in normal lighting conditions.
However, the model encountered challenges in low-
light or obscured conditions, slightly reducing recall.
. Community Incident Reporting: The
community-based alert system achieved 82.7%
accuracy, with precision and recall slightly impacted
by ambiguous or incorrect user reports. Verification
mechanisms can be improved to enhance overall
performance.

. Incident Documentation: With 94.2%
accuracy, the incident recording feature effectively
captured and securely stored emergency data.
Precision and recall were both high, ensuring reliable
documentation without unnecessary data capture.

5.3 DISCUSSION

. Strong Performance Areas:
. The Emergency SOS System and Incident
Documentation feature outperformed
expectations, with consistently high accuracy
and reliability. Users benefited from the fast response
times and the secure, automated recording of critical
incident evidence.
. The Location Tracking model also achieved
excellent results, providing accurate real-time
tracking. Users felt confident navigating through safe
routes, although occasional GPS issues in dense areas
slightly impacted recall.

. Avreas for Improvement:

o Al Distress Signal Recognition showed
strong performance overall, but certain conditions,
such as poor lighting or partial visibility of gestures,
led to a few false positives. More diverse training data
and environmental adjustments (e.g., infrared or
thermal imaging support) could help reduce false
positives and negatives.

o Safe Route Planning had slightly lower
precision due to inconsistent data in some regions,
where crime information was outdated or incomplete.
Integrating more real-time data sources, such as social
media reports or official crime alerts, would likely
improve its overall performance.

o Community Incident Reporting: The
accuracy and precision of community incident
reporting could be enhanced through better validation
of user reports. Adding machine learning filters to
detect suspicious or inaccurate reports would reduce
noise in the system and improve user trust in
community alerts.

) Privacy and Security: The model's
encryption mechanisms ensured user data remained

secure. However, there is room for further
exploration of blockchain-based storage to make
incident evidence even more tamper- proof,
particularly for legal use cases.
o Future Enhancements:
o Additional work is needed on behavior

anomaly detection using Al to identify dangerous
situations proactively, especially in locations known
for frequent incidents.

) Further optimization of the Al distress signal
recognition model by increasing the training dataset
size and diversity, particularly focusing on edge cases
like low-light environments or partial occlusions.

6 CONCLUSION

In this work, we have presented a comprehensive
system for women's safety, integrating real-time
location tracking, distress signal recognition, safe
route planning, and emergency SOS alert
mechanisms. By employing machine learning models
and leveraging location data, we have shown that such
a system can provide reliable support for women in
distress, ensuring timely assistance and enhancing
overall security. The models achieved high
performance in detecting distress signals and tracking
locations with accuracy, indicating the system's
potential for real-world deployment. Moreover,
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integrating community-based incident reporting and
automatic incident documentation further strengthens
the system by enabling collaborative efforts in
ensuring safety.

Future work will focus on optimizing the system for
better performance in low-signal areas, enhancing the
precision of Al-based distress recognition, and
integrating more real-time data sources for route
planning. Expanding the dataset with more diverse
scenarios and user inputs can improve the model’s
ability to generalize and operate effectively in varied
environments. Further research into privacy and
security measures, particularly through blockchain
technology, will also be explored to ensure tamper-
proof incident reporting.

This work lays a foundation for future advancements
in technology-driven women’s safety solutions,
providing a robust framework for real-time protection.
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